Many parts of sub-Saharan Africa (SSA) are prone to land use and land cover change (LULCC). In many cases, natural systems are converted into agricultural land to feed the growing population. However, despite climate change being a major focus nowadays, the impacts of these conversions on water resources, which are essential for agricultural production, is still often neglected, jeopardizing the sustainability of the socio-ecological system. This study investigates historic land use/land cover (LULC) patterns as well as potential future LULCC and its effect on water quantities in a complex tropical catchment in Tanzania. It then compares the results using two climate change scenarios. The Land Change Modeler (LCM) is used to analyze and to project LULC patterns until 2030 and the Soil and Water Assessment Tool (SWAT) is utilized to simulate the water balance under various LULC conditions. Results show decreasing low flows by 6-8% for the LULC scenarios, whereas high flows increase by up to 84% for the combined LULC and climate change scenarios. The effect of climate change is stronger compared to the effect of LULCC, but also contains higher uncertainties. The effects of LULCC are more distinct, although crop specific effects show diverging effects on water balance components. This study develops a methodology for quantifying the impact of land use and climate change and therefore contributes to the sustainable management of the investigated catchment, as it shows the impact of environmental change on hydrological extremes (low flow and floods) and determines hot spots, which are critical for environmental development.
Introduction
Recent developments in sub-Saharan Africa (SSA) show an increasing trend of conversion of natural land cover into arable land [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] . Drivers of change are manifold and can be directly linked to human activities such as population growth, economic development, and globalization [11, 12] . Natural processes like floods, landslides, droughts and climate change affect land use and land cover change (LULCC) [9] , although they are induced by anthropogenic activities to a certain degree. These conversions into arable land have an adverse impact on several ecosystem services as a trade-off for (i) Develop scenarios for the LULC distribution for the Kilombero Catchment until 2030; (ii) Analyze the impact of the different LULC scenarios on water resources at various temporal and spatial scales; (iii) Investigate the impact of LULCC on low flow and high flow regimes; (iv) Assess the combined impact of LULCC and climate change on water resources.
In order to reach these goals, observed patterns of change were correlated with various spatial features of the catchment using the digital elevation model (DEM), and were projected until 2030 by using the Land Change Modeler (LCM) [30] [31] [32] . Furthermore, the SWAT model was utilized to simulate the impact of the different LULC setups on water resources. Subsequently, the selected Global Climate Model-Regional Climate Model (GCM-RCM) developed for a previous study [33] was integrated to estimate the combined effect of LULCC and climate change. Results show huge deviations in water balance components on a subcatchment scale and that especially high flow patterns vary among the different LULC scenarios. An overview of abbreviations that are used within this study and their meanings is given in Table 1 . 
Input Data
The SWAT model for this study is based on the details already given by Näschen et al. [2] . The issue of data scarcity in the study region is solved by using freely available geodata in combination with data gathered from local partners in Tanzania (Table 2 , [48] ). The most crucial but also most limiting data is discharge data, which has the longest time series at a downstream station ("Swero") near the outlet of the catchment but stretches in good quality only from 1958 to 1970. The station is currently being renewed and new stations are being set up in the catchment, nonetheless there is no time series and no rating curve for the new stations available up to today. Therefore, the historical discharge data was used to set up the hydrological model [2] . In addition, LULC maps were produced from Landsat imagery for four different time steps. Due to extensive cloud cover, all available Landsat TM, ETM+, and OLI Surface Reflectance scenes within three-year periods around the years 1994, 2004, and 2014 were considered, and multi-temporal metrics [49] were calculated using different vegetation indices. Together with topographic indices based on the Shuttle Radar Topography Mission (SRTM) DEM, these were classified in a supervised Random Forest (RF) Figure 1 . Overview map of the study area, including available precipitation and discharge stations (Swero). The estimated floodplain area is based on visual interpretation of Landsat images (modified after Näschen et al. 2018 [2] ).
The climate is a sub-humid tropical climate with a distinctive seasonality, which is characterized by a dry and a rainy season. The rainy season itself can be differentiated into the short rainy season from October until December/January (locally called "Masika") and the long rainy season from March until May ("Vuli") [39, 40] . Nevertheless, this bimodal pattern only applies for the northern parts of Tanzania, whereas the south-western parts of Tanzania are characterized by a unimodal rainfall distribution and therefore one rainy season ("Msimu") [41] . However, there are huge interannual, intraannual, and also spatial variabilities in the distribution of precipitation for the Kilombero Catchment recorded [2, 33, 42] . This high variability can be attributed to the manifold factors influencing the local climate, such as remote forcings (e.g., Walker Circulation, Indian Ocean Dipole), regional circulations (e.g., Tropical Easterly Jet), but also local geographic factors (e.g., windward and leeward effects) [43] . Annual mean areal precipitation is between 1200 and 1400 mm, whereas the mountainous parts receive up to 2100 mm and the valley 1100 mm, respectively [35, 42] . The mean annual temperature has an antagonistic pattern and varies between 24 • C in the valley and around 17 • C in the uplands of the catchment [35] .
Soils in the floodplain are largely heavy black cotton soils, with a good water content at field capacity, but also some patches of sandy soils [23] . According to the Harmonized World Soil Database (HWSD) most parts of the catchment are covered by acrisols, with some areas dominated by cambisols in the western part and nitisols in the Udzungwa mountains [44] .
The land cover of the upper catchment embraces a mixture of natural vegetation like tropical rainforests, bush lands, and wooded grasslands with some patches of agricultural fields [45] . The valley is surrounded by a miombo woodland belt with mainly Brachystegia spp., whereas the floodplain itself is dominated by agricultural use and tall grasses such as Penisetum purpureum, Panicum maximum, Hyparrhenia spp., and Phragmites mauritianus with some isolated trees of Ficus spp. and Kigelia africana [38, 46] .
The most important crops grown in the valley are sugarcane (Saccharum officinarum), maize (Zea mays), paddy rice (Oryza sativa), and cassava (Manihot esculata) [23] . Rice production is dominated by small-scale farmers and rain-fed agriculture, although some small irrigations schemes do exist in the valley. Sugarcane is mainly grown as irrigated agriculture by a large-scale contractor (Kilombero Sugar Company) in the northeastern part of the catchment.
Recent developments show an increasing trend of conversion of wetland, forested areas, and grassland into arable land in the Kilombero Valley [1, 2] . The Kilombero area has to cope with many immigrants, including a high number of pastoralists, causing a population growth rate for the Kilombero area of 3.4% according to the national population census from 2012, which exceeded the national average of 2.8% [47] . The SAGCOT growth corridor plans, including infrastructure developments like bridge construction and expansion of paved roads [22, 24] , as well as the planning of the Stiegler´s Gorge hydropower dam in the Selous Game Reserve downstream, might have a huge impact on the development of the catchment [34] .
The SWAT model for this study is based on the details already given by Näschen et al. [2] . The issue of data scarcity in the study region is solved by using freely available geodata in combination with data gathered from local partners in Tanzania (Table 2 , [48] ). The most crucial but also most limiting data is discharge data, which has the longest time series at a downstream station ("Swero") near the outlet of the catchment but stretches in good quality only from 1958 to 1970. The station is currently being renewed and new stations are being set up in the catchment, nonetheless there is no time series and no rating curve for the new stations available up to today. Therefore, the historical discharge data was used to set up the hydrological model [2] . In addition, LULC maps were produced from Landsat imagery for four different time steps. Due to extensive cloud cover, all available Landsat TM, ETM+, and OLI Surface Reflectance scenes within three-year periods around the years 1994, 2004, and 2014 were considered, and multi-temporal metrics [49] were calculated using different vegetation indices. Together with topographic indices based on the Shuttle Radar Topography Mission (SRTM) DEM, these were classified in a supervised Random Forest (RF) approach [2, 50] . The RF classifier was calibrated and validated using information from field visits, flight campaigns and Google Earth in a random sampling scheme. For the 1970s LULC map, due to the lack of suitable images, Landsat pre-Collection Level 1 images from the whole decade were cloud-masked, corrected for corrupted image lines, normalized to one master image, mosaicked, and classified. The spatial resolution of the early Landsat images (1970s) from the multispectral scanner (MSS) instrument is 60 m. The resulting maps were resampled to a 30 m pixel size in order to be complementary to the other Landsat products. Figure 2 shows the LULC maps as reclassified into SWAT LULC classes. The left configurations (a-d) include a barren class and an undifferentiated cropland class, whereas the right configurations (e-h) differentiate between cropland and rice as a specific plant (named "cropland-rice"). SWAT classes besides barren, cropland, and cropland-rice comprise forest evergreen, forest mixed, grassland, savanna, wetland, open water, and built-up. . Some differences among the LULC maps in the right and in the left column exist due to the classification process: Only the maps in the left column contain "barren" as a land use class, but they have only one LULC "cropland", whereas the maps in the right column differentiate in between "cropland" and "cropland-rice" as a specific crop. Seven precipitation stations were used as input in combination with Coordinated Regional Downscaling Experiment (CORDEX) Africa data [51] for the other climate parameters ( Table 2) . For future climate scenarios GCM-RCM (Global Climate Models-Regional Climate Models) model combinations from CORDEX Africa were bias-corrected for temperature and precipitation. A more detailed description on the procedure can be found in Näschen et al. 2019 [33] . Two of these GCM-RCM scenario data sets were chosen for this study in order to represent a span of wet and dry scenarios covering increasing and decreasing annual precipitation amounts (Tables 3 and 4 ). Soil data was gathered from the Harmonized World Soil Database (HWSD) and the SRTM 90 m digital elevation model (DEM) was used for the SWAT model. A complete overview on all of the data sources utilized in this study is given in Table 2 . Table 3 . Overview of the Regional Climate Models (RCMs), their driving Global Climate Models (GCMs), and the assigned naming for the model combination within this study. In this study the SWAT model [56] was applied to simulate the hydrological processes on the catchment scale. SWAT is a semi-distributed and physically-based model which operates on a daily time-scale. The physically-based approach of SWAT with the incorporation of the Erosion-Productivity Impact Calculator (EPIC) model [57] allows to account for plant growth variations and is necessary to adequately simulate the impacts of land use changes on hydrological processes.
GCM
In a first step the SWAT model discretizes the catchment into subcatchments based on a threshold that defines the minimum drainage area to form a stream. Furthermore, these subcatchments are discretized into hydrologic response units (HRU), which are unique combinations of soil, slope, and land use within each of the subcatchments. These HRUs are the most important spatial unit for the calculation of hydrological processes within SWAT.
In general, the model differentiates between a land phase and a routing phase. The land phase considers most of the hydrological processes of the hydrological cycle, whereas the routing phase integrates the routing of water among the subcatchments and in-stream processes of water, sediments, nutrients, and organic chemicals. In the land phase the water balance equation is solved on HRU level and all HRU calculations are treated as the result of a subcatchment without considering routing among the single HRUs. Climate data input is given on the subcatchment scale, with the option to account for altitudinal effects on temperature or precipitation with so called elevation bands. These elevation bands modify temperature and precipitation to represent orographic effects in case of large altitudinal differences within the subcatchments [58] . Precipitation can be intercepted by vegetation, enter the reach directly or hit the ground, where it might move as surface runoff, evaporate, or infiltrate into the soil based on the given physical conditions represented by the Soil Conservation Service (SCS) curve number and the climatic conditions [59, 60] . Once water infiltrates into the soil, it is stored as soil moisture and can move among up to ten soil layers using a storage routing technique, which is based on the field capacity of the soil layers and the saturated hydraulic conductivity. Lateral flows in the soil are simulated with a kinematic storage model, which mainly depends on the slope of the area [61] . Groundwater is divided into two aquifers in SWAT: A shallow unconfined aquifer and a deeper confined aquifer. If water percolates from the soil through the unsaturated zone, it enters the shallow aquifer. From there, water might contribute as baseflow to the reach, move upwards as capillary rise due to LULC dependent water demand, or percolate deeper into the confined aquifer, where it is assumed to contribute to the regional water balance and is treated as being lost for the local catchment. However, both aquifers might contribute to the streamflow through different parameters [62] . A detailed model description is given by Arnold et al. [56] , Neitsch et al. [58] , and Arnold et al. [63] .
Model Setup, Evaluation and Extreme Value Analysis (SWAT Model)
The SWAT model setup was done with ArcSWAT 2012 (revision664), whereas calibration and validation were performed with SWAT-CUP (version 5.1.6.2) and the SUFI-2 algorithm [64] using the Kling-Gupta efficiency (KGE) as an objective function. The catchment was divided into 95 subcatchments and 1087 HRUs. Additionally elevation bands were integrated to adequately account for varying precipitation patterns due to high relief energy within the subcatchments [2, 58] . The coefficient of determination (R 2 ) (Equation (1)), the Nash-Sutcliffe-Efficiency (NSE) (Equation (2)), and the aforementioned KGE (Equation (3)) were some of the utilized evaluation criteria. A more detailed overview on the SWAT model setup and additional evaluation criteria is given by Näschen et al. [2] .
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where n is the number of observations, O i and S i are the observed and simulated discharge values, respectively, and O and S are the mean of observed and simulated discharge values. r is the coefficient of correlation between observed and simulated data, σ is the ratio of the standard deviation of simulated and observed data, and β is the ratio of the means of simulated and observed data.
The results of the SWAT model were utilized to analyze changes in low flows and high flows for the different LULC setups separately and in combination with selected RCM-GCMs ( Table 3 ). The extRemes 2.0 package [65] was utilized to calculate return levels from 2-year up to 100-year return levels using the generalized extreme value distributions (GEV) (Equations (4) and (5)) and the generalized maximum likelihood estimation (GMLE) method:
where γ is the shape parameter, µ the location parameter, and α the scale parameter of the probability distribution function with α > 0 and (1 + γ(x − µ)/α) > 0. If γ → 0 , the function belongs to the Gumbel family and is as follows:
Additionally, the Q10 index was applied, because it is less sensitive to outliers compared to the generalized extreme value analysis. The Q10 is defined as the daily discharge that is exceeded in 10% of all the simulations here. Moreover, the Q90 [66, 67] index was used to analyze low flows. In contrast to the Q10 index, the Q90 index is defined as daily discharge that is exceeded in 90% of all the simulations here. The Hydrostats package [68] in the statistical software R was applied for these analyses.
Land Use and Land Cover Change (LULCC) Scenarios
One of the main objectives of this article is to analyze the impact of LULCC on water resources until 2030. Therefore, scenarios of LULC for 2030 were developed using a mixed method approach containing land use change modeling, expert interviews, and a participatory mapping exercise in the framework of a workshop with local experts (Figure 3 ). The main goal of developing the 2030 scenarios was to identify implications of potential future LULC distributions on water resources in order to determine hot spots of change regarding water resources. In a first step, the historical LULC distributions from the 1970s until 2014 were derived from Landsat images (see Section 2.2). The Land Change Modeler LCM [31, 32, 69, 70] , within the Terrset Software Version 18.31 utilizing the IDRISI GIS System [32] , was used to analyze the changes of LULC classes among the available historical products from the 1970s until 2014 ("Analysis of Change", Figure 3 ). The next step consisted of a mixture of quantitative and qualitative methods to estimate potential drivers of change. The quantitative part analyzed the changes of all LULC classes between two time steps and finally identified potential explanatory factors for change. This was achieved by utilizing the evidence likelihood transformation integrated in the LCM to identify explanatory factors based on observed changes among the maps of 2004 and 2014. These time steps were identified as most suitable baseline for project changes for the period until 2030, because changes from the 1970s until 2004 are rather negligible ( Figure 2 ). This procedure was done separately for the LULC maps covering cropland only, as well as for the maps that distinguish between cropland and cropland-rice ( Figure 2c ,d,g,h). The scenario with specific attention to rice was established due to the importance of rice crops for the catchment [35, 38] and to assess the differences among cropland and cropland-rice scenarios with regard to their impact on water resources. Differences in cropland and cropland-rice within SWAT involve, among other factors, the plant's radiation-use efficiency, the growth rate, and the maximum leaf area index [63] . expert opinions and the observed patterns of historic LULCC (see Figure 2 ), it was assumed that conversion of a LULC class into cropland or rice is more likely close to roads, settlements, former conversions into agricultural land use or in flat areas, and lowlands that are especially suitable for rice production. Subsequently, the Multi-Layer Perceptron (MLP) neural network [32] was utilized to create the transition potentials in a transition model that simulates potential future LULC distributions using the built-in Markov Chain Model [32, 71] . Based on observed change patterns and expert judgment, the resulting maps estimate the spread of either cropland or cropland-rice until 2030 and are used as input for the SWAT model to analyze the impact on water resources. For the purpose of training and evaluation, the MLP was given a set of pixels that were included in the transition model. In this specific case, a set of 10,000 pixels from the LULC setup of 2004 was taken. These pixels were chosen randomly fulfilling the following requirements: One half of the pixels changed from one of the other LULC classes into either cropland or cropland-rice in the Simultaneously, a qualitative component was performed to complement the quantitative results. Several experts in the region were interviewed and a workshop was held to perform a participatory mapping exercise. In this exercise experts from various disciplines were asked about recent hot spots of land use change and possible hot spots of land use change within the next 10-20 years. The information was used to identify explanatory factors as well as to evaluate, revise, and contextualize the final maps for 2030 (see also Section 4.1).
As spatial explanatory factors of change slope, elevation above sea level, distance to roads, rivers and settlements as well as the distance to former disturbances, so LULC conversions into cropland or rice were included in the modeling process. The processes involving distance to disturbances or settlements are driven by population growth in the valley and population growth is therefore integrated indirectly through these processes as a driver variable. Explanatory factors were also discussed within the workshop with local stakeholders from various fields (hydrology, ecology, social sciences, agronomy, district officers, NGO, and PPP representatives). On the baseline of these expert opinions and the observed patterns of historic LULCC (see Figure 2 ), it was assumed that conversion of a LULC class into cropland or rice is more likely close to roads, settlements, former conversions into agricultural land use or in flat areas, and lowlands that are especially suitable for rice production. Subsequently, the Multi-Layer Perceptron (MLP) neural network [32] was utilized to create the transition potentials in a transition model that simulates potential future LULC distributions using the built-in Markov Chain Model [32, 71] . Based on observed change patterns and expert judgment, the resulting maps estimate the spread of either cropland or cropland-rice until 2030 and are used as input for the SWAT model to analyze the impact on water resources.
For the purpose of training and evaluation, the MLP was given a set of pixels that were included in the transition model. In this specific case, a set of 10,000 pixels from the LULC setup of 2004 was taken. These pixels were chosen randomly fulfilling the following requirements: One half of the pixels changed from one of the other LULC classes into either cropland or cropland-rice in the LULC 2014 setup. The other half of the pixels consisted of pixels from all LULC classes from 2004 that were suitable to change either into cropland or cropland-rice (e.g., flat terrain or proximity to settlements or roads), but did not experience such change until 2014.
In a next step, these 10,000 pixels were randomly distributed into a training and a validation pixel group containing each half of the pixels. The training pixels were utilized to train the MLP and calculate the LULCC from 2004 to 2014, while the validation group was used to measure the accuracy of this training model to correctly predict persistence of LULC classes or their transition into cropland or cropland-rice from 2004 to 2014. Measure value for the performance of the transition model is the skill statistic with expected accuracy and skill measure (Equations (6) and (7)):
where E(A) is the expected accuracy, T is the number of transitions in the submodel, and P the number of persistent classes.
where S is the skill measure ranging from −1 to 1, with values smaller 0 indicating a model worse than random chance and with value +1 indicating a perfect fit, while A is the measured accuracy, which accounts for the percentage of correct predictions [30] . The transition potentials for the single LULC classes gathered from this training and validation were later on transferred into a transition matrix, which was used to simulate the LULC maps for 2030.
All LULC scenario analyses with the SWAT model were performed with identical climate data to decouple the climate influence on water resources from the influence of LULCC. The MIROC5-RCA4_v1 model ( Table 3) Tables 3 and 4 ) climatic conditions for the period of 2010-2060 [33] . The "dry model" is run with the RCP 4.5 scenario and the "wet model" with the RCP 8.5 scenario to account for uncertainties in climatic conditions by choosing the driest and wettest model already tested and bias-corrected for the region in a previous study [33] .
For the analyses on subcatchment scale ( Figures 10 and 12 ) the LULC setup of 1994 was used for the comparison instead of the setup of 1970. This was done because the setup of 2030 was projected based on changes to the setup from 2004 to 2014. Baseline data for the generation of these setups are Landsat 5, 7 and 8 images. Their band definitions are similar with only negligible differences [72] and they all have the same resolution of 30 m. The 1970s setup is less suitable for comparison on subcatchment scale, since it was generated with pre-collection Level 1 60 m resolution data and conventional mosaicking [2] . The map from the 1970s is based on a decadal best pixel composite of images from different seasons and is therefore less consistent than the later maps, which are based on multi-seasonal multi-temporal metrics.
Results

Model Performances
A detailed overview of the model performance for the SWAT model is given by Näschen et al. [2] . However, essential statistics on the model performance are presented in Tables 5 and 6 , referring to the equations stated in Section 2.3.2. Table 5 . Summary of the quantitative model performance analysis for the calibration and validation period. R 2 is the coefficient of determination (Equation (1)), NSE is the Nash-Sutcliffe efficiency (Equation (2)) and KGE is the Kling-Gupta efficiency (Equation (3)). A value of 1 indicates a perfect fit.
Simulation Period (Daily) R 2 NSE KGE
Calibration (1958-1965) 0.86 0.85 0.93 Validation (1966 Validation ( -1970 0.80 0.80 0.89 Table 6 . Skill measure (Equation (7)) for both setups that modeled the transition of other LULC classes into cropland or into cropland-rice as a specific crop. Baseline data were observed transitions from 2004-2014, which were translated and extrapolated into LULC maps for the year 2030.
Transition Skill Measure
to cropland 0.69 to cropland-rice 0.77
The LCM performance is measured by the skill measure (Equation (7)) and was satisfactory for both setups (Table 6 ). (1)), NSE is the Nash-Sutcliffe efficiency (Equation (2)) and KGE is the Kling-Gupta efficiency (Equation (3)). A value of 1 indicates a perfect fit. Calibration (1958 Calibration ( -1965 0.86 0.85 0.93 Validation (1966 Validation ( -1970 0.80 0.80 0.89
Land Use Land Cover Change Scenarios
Simulation Period (Daily) R 2 NSE KGE
The LCM performance is measured by the skill measure (Equation (7)) and was satisfactory for both setups (Table 6 ). Table 6 . Skill measure (Equation (7)) for both setups that modeled the transition of other LULC classes into cropland or into cropland-rice as a specific crop. Baseline data were observed transitions from 2004-2014, which were translated and extrapolated into LULC maps for the year 2030.
Transition
Skill Measure to cropland 0.69 to cropland-rice 0.77 The percent share for all LULC types in the maps of Figure 2 and Figure 4 are displayed in Figure 5 . The generic cropland setup distributions are shown on the left-hand side of Figure 5a to e and the maps with the differentiation of cropland and cropland-rice are displayed to the right-hand side of Figure 5f to j. The increasing share of cropland and cropland-rice classes from 2004 onwards for both setups is noteworthy. The share of forest classes is quite stable, although there are fluctuations in between forest mixed and forest evergreen. The decreasing trend of savanna in the cropland-rice setup from 2004 is remarkable and more pronounced than in the cropland setup. However, the cropland setup generally has a higher share of grassland and a strongly declining share of grassland from 2004 onwards. Other classes are much less represented or disappear in the final HRU setup like the built-up class. However, the distribution of the HRU setup reflects the original LULC distribution well. The disappearance of the built-up class in the HRU setups can be attributed to the low share of residential areas (<0.6%) in the baseline LULC setups from 1970 to 2014. Figure 6a ,b show that the overall annual discharge at the outlet is similar among all LULC setups. Nevertheless, a closer look at Figure 6c -d, which shows a zoom-in to the boxes, reveals differences between the two setups. On the one hand, the cropland setup ( Figure 6c) shows an increasing trend for discharge from 1970 to 2030 with some fluctuations. These fluctuations are also reflected in fluctuations among the LULC classes in Figure 4 . On the other hand, the setups that include rice (Figure 6d) show a constantly decreasing trend of discharge at the outlet with an increasing share of rice ( Figure 5 ). Figure 6a ,b show that the overall annual discharge at the outlet is similar among all LULC setups. Nevertheless, a closer look at Figure 6c ,d, which shows a zoom-in to the boxes, reveals differences between the two setups. On the one hand, the cropland setup ( Figure 6c) shows an increasing trend for discharge from 1970 to 2030 with some fluctuations. These fluctuations are also reflected in fluctuations among the LULC classes in Figure 4 . On the other hand, the setups that include rice (Figure 6d) show a constantly decreasing trend of discharge at the outlet with an increasing share of rice ( Figure 5 ). compared to the Q90 decrease, but the relative changes are comparable with 8%. The cropland setups show a different picture, with rather low absolute Q10 values from the 1970s (1118 m 3 /s) up to 2014 (1169 m 3 /s) and a sharp increase for the 2030 setup (1358 m 3 /s), which equals an increase of 21% compared to the 1970s setup. Figure 8 shows the discharge amount for return levels for all setups based on the GEV-GMLE analysis of 48 annual maximum values from the period of 1958 to 2005. The distribution is similar to the Q10 values presented in Figure 7b . The discharge of 2-year and 5-year return levels for the cropland setups increase from the 1970s setup (3260 m 3 Figure 9h ) setup for April and May. However, the average decrease ranges from 5.4 mm (5.1%; May, 2014 setup) to 8.1 mm (7.6%; May, 2030 setup) and is therefore less pronounced compared to the increases in the 2030 cropland setup.
Land Use Land Cover Change Scenarios
Impact of Land Use/Cover Changes on Water Resources
Variations of surface runoff, overall water yield, and evapotranspiration on subcatchment scale are shown in Figure 10 . Figure 10a -c compares the annual water balance components' averages from the 2030 setup with the 1994 setup with cropland and Figure 10d -f compares the same with the cropland-rice setups, respectively. An increase of surface runoff and overall water yield is apparent (Figure 10a,b) . The northeastern parts, and also the floodplain show increasing surface runoff values of 10 to 20 mm and increase in total water yield of more than 50 mm. Hence, evapotranspiration is decreasing in nearly all subcatchments, especially in the mountainous northwestern parts. The differences in the rice setups (Figure 10d Overall water yield is decreasing in many subcatchments by 50 mm and more, especially in the fringe of the floodplain, but also in some of the northwestern mountainous subcatchments. Furthermore, evapotranspiration is decreasing in many subcatchments, especially on the fringe of the floodplain and the western parts. However, slightly increasing trends of evapotranspiration are apparent e.g., in the northeastern subcatchments. Overall water yield is decreasing in many subcatchments by 50 mm and more, especially in the fringe of the floodplain, but also in some of the northwestern mountainous subcatchments. Furthermore, evapotranspiration is decreasing in many subcatchments, especially on the fringe of the floodplain and the western parts. However, slightly increasing trends of evapotranspiration are apparent e.g., in the northeastern subcatchments. 
Combined Effect of Land Use/Cover And Climate Change on Water Resources
The combined effect of LULCC and climate change on water resources is illustrated for a combination of distinctive wet and dry model combinations in Figures 11 and 12 in order to demonstrate the uncertainty and the span of possible future conditions according to the model combinations and their impact on water resources. Figure 11 displays the Q90 (Figure 11a ) and Q10 (Figure 11b ) modeling results for both LULC setups of 1994 and 2030, all driven by the climatic forcing of the "dry model" and the "wet model". Apparently, the span for Q10 and Q90 of the "dry model" and the "wet model" is more pronounced in comparison to the differences among the LULC setups. The range of Q90 straddles from 101 m 3 /s (2030, rice, "dry model") to 162 m 3 /s (1994, cropland, "wet model"). For Q10 the results span from 1310 m 3 /s (1994, cropland, "dry model") to 2416 m 3 /s (1994, cropland-rice, "wet model"). These discrepancies represent a relative growth of 61% for Q90 and 84% for Q10, indicating a huge uncertainty for the future low flows and high flows with regard to a changing climate and LULCC. Furthermore, it is important to mention that all combined LULC and climate change scenarios for Q10 Figure 11b) show increasing values for Q10 compared to the LULC scenarios (Figure 7b ), whereas Q90 values (Figure 7a ) are lower for the dry climate scenario and higher for the wet climate scenario (Figure 11a ). 
Combined Effect of Land Use/Cover and Climate Change on Water Resources
The combined effect of LULCC and climate change on water resources is illustrated for a combination of distinctive wet and dry model combinations in Figures 11 and 12 in order to demonstrate the uncertainty and the span of possible future conditions according to the model combinations and their impact on water resources. Figure 11 displays the Q90 (Figure 11a ) and Q10 (Figure 11b ) modeling results for both LULC setups of 1994 and 2030, all driven by the climatic forcing of the "dry model" and the "wet model". Apparently, the span for Q10 and Q90 of the "dry model" and the "wet model" is more pronounced in comparison to the differences among the LULC setups. The range of Q90 straddles from 101 m 3 /s (2030, rice, "dry model") to 162 m 3 /s (1994, cropland, "wet model"). For Q10 the results span from 1310 m 3 /s (1994, cropland, "dry model") to 2416 m 3 /s (1994, cropland-rice, "wet model"). These discrepancies represent a relative growth of 61% for Q90 and 84% for Q10, indicating a huge uncertainty for the future low flows and high flows with regard to a changing climate and LULCC. Furthermore, it is important to mention that all combined LULC and climate change scenarios for Q10 Figure 11b) show increasing values for Q10 compared to the LULC scenarios (Figure 7b ), whereas Q90 values (Figure 7a ) are lower for the dry climate scenario and higher for the wet climate scenario (Figure 11a) . Figure 12 illustrates a spatially more explicit dimension for the subcatchment scale by visualizing the deviations in surface runoff (Figure 12a ), overall water yield ( Figure 12b ) and evapotranspiration (Figure 12c ) between the cropland model setup of 1994 driven by the "dry model" and the cropland setup of 2030 driven by the "wet model". The surface runoff component increases by more than 100 mm for some of the subcatchments in the annual average for the whole catchment and particularly for some of the subcatchments in the (north-) eastern part of the catchment. Unlike the western parts, which are mostly within the range of 0-20 mm increase. The pattern of the overall water yield is alike; however, it has another scale straddling from slightly decreasing trends in the western subcatchments to increasing values of nearly 600 mm in the eastern subcatchments. Water yield deviations increase towards the eastern parts, except for the floodplain, where this pattern is not as distinctive as for the surrounding mountainous areas. Evapotranspiration (Figure 12c ) increases as well in the range of 100-200 mm for nearly all subcatchments and particularly for the northeastern floodplain and its fringe.
decreasing trends in the western subcatchments to increasing values of nearly 600 mm in the eastern subcatchments. Water yield deviations increase towards the eastern parts, except for the floodplain, where this pattern is not as distinctive as for the surrounding mountainous areas. Evapotranspiration (Figure 12c ) increases as well in the range of 100-200 mm for nearly all subcatchments and particularly for the northeastern floodplain and its fringe. Figure 11 . Bar plots showing the distribution of Q90 (a) and Q10 (b), representing the flow exceeded in 90% or 10% of the time for Q90 and Q10, respectively. The LULC setups of 1994 (cropland and cropland-rice) as well as the scenarios for 2030 (cropland and cropland-rice) are simulated with climate data of the period from 2010 to 2060 with the "dry" and the "wet" GCM-RCM model ( Table  3 ). Figure 11 . Bar plots showing the distribution of Q90 (a) and Q10 (b), representing the flow exceeded in 90% or 10% of the time for Q90 and Q10, respectively. The LULC setups of 1994 (cropland and cropland-rice) as well as the scenarios for 2030 (cropland and cropland-rice) are simulated with climate data of the period from 2010 to 2060 with the "dry" and the "wet" GCM-RCM model ( Table 3) . . The LULC 1994 is using the "dry model" (Table 3 ) climatic data with the RCP 4.5 scenario as input, whereas the 2030 LULC setup is driven by the "wet model" (Table 3 ) and the RCP 8.5 scenario data. All model runs were performed with climate data for the period of 2010 to 2060. Differences in water balance components refer to changes in both LULC and climate change.
Discussion
Land Use Change Scenarios
This study focuses on changes from all LULC classes except built-up areas to either cropland or cropland-rice, although local studies in the catchment indicate the problem of deforestation as well [28] . However, deforestation is not as pronounced for the entire catchment ( Figure 4) [1] and therefore only changes into agricultural LULC classes were explicitly modeled. Nevertheless, difficulties in the classification scheme among the different forest classes and open forest areas or savanna were apparent [2] . Natural classes in particular were prone to errors due to gradual differences in reflectance characteristics, although post-classification comparisons were mostly consistent and conform to historical maps. Yet, conversion into cropland was the focal LULCC and less prone to errors due to strong spectral changes [2] . Skill measures (Table 6) for both transitions to (Table 3 ) climatic data with the RCP 4.5 scenario as input, whereas the 2030 LULC setup is driven by the "wet model" (Table 3 ) and the RCP 8.5 scenario data. All model runs were performed with climate data for the period of 2010 to 2060. Differences in water balance components refer to changes in both LULC and climate change.
Discussion
Land Use Change Scenarios
This study focuses on changes from all LULC classes except built-up areas to either cropland or cropland-rice, although local studies in the catchment indicate the problem of deforestation as well [28] . However, deforestation is not as pronounced for the entire catchment ( Figure 4) [1] and therefore only changes into agricultural LULC classes were explicitly modeled. Nevertheless, difficulties in the classification scheme among the different forest classes and open forest areas or savanna were apparent [2] . Natural classes in particular were prone to errors due to gradual differences in reflectance characteristics, although post-classification comparisons were mostly consistent and conform to historical maps. Yet, conversion into cropland was the focal LULCC and less prone to errors due to strong spectral changes [2] . Skill measures (Table 6) for both transitions to cropland or rice were satisfactory, nevertheless the exact distribution of LULC pixels in the 2030 scenarios should be interpreted carefully for several reasons. Firstly, the computed rate of change from 2004 to 2014 was transferred linearly until 2030. Secondly, this analyzed pattern is based on explanatory spatial factors like the altitude above sea level. Therefore, a saturation effect might occur due to limited space, e.g., in the wetland fringes surrounding the floodplain. The wetland fringes are nearly completely used as agricultural land in the setups of 2014 and 2030 ( Figure 4) . A growing demand for agricultural land in this area is a source of uncertainty, because the interaction with the enclosing landscape, and therefore agriculturally less suitable areas like upland forests or flood-prone areas, is a different process compared to the observed LULCC in the wetland fringes. Thirdly, alterations in demographic growth including natural birth rates and immigration are not included in this linear approach. However, the impacts of demographic growth on LULCC are indirectly integrated due to the transfer of observed changes from 2004 to 2014 to the year 2030. The demographic growth accelerated in the 90s and after 2000 due to the migration of mainly pastoralists into the valley [23] and correlates with the growing share of cropland in the valley, which was increasingly converted from grassland and savanna into cropland to feed the growing population. We use these conversions into cropland as a proxy for demographic growth, due to the stagnating trends in rice yields in the area [73, 74] , although conversions into cropland might also be affected by investors from outside the valley and other factors. Lastly, the influence of politics and the economy is not included, but might change the LULC drastically by setting incentives for agricultural activities e.g., the SAGCOT initiative [22] , changing the allocation or status of conservation areas or by developing the infrastructure. Furthermore, the spatial structure of the SWAT model and its HRU approach, which summarizes results for HRUs and neglects interactions among neighboring grid-cells within a subcatchment [75] , has structural limitations compared to a fully distributed grid-based solution. However, SWAT is a well proven tool to determine impacts on water resources due to LULCC [76] [77] [78] . Analysis of impacts on water resources on grid-cell scale is not the goal of this study, but rather to identify general trends of LULCC and their impact on specific areas prone to these LULCC in order to assist the local water resource management authorities to enable a sustainable use of the available water resources. Hence, a business as usual scenario until 2030 was developed using the LCM and all analyses with regard to water resources were performed from catchment to the subcatchment scale.
The general distribution and spread of the modeled cropland/rice production area is reasonable. The hot spot of change for both scenarios is the fringe of the wetland. However, the center of the wetland is not transformed to agricultural fields on both setups, which is also reasonable due to the extended flooding and the threat to lose the harvest [79] . Other areas of agricultural expansion are the western parts and the central northern parts, near the cities of Makambako and Njombe, and the main roads A104 and B4 (Figure 1 ). Although some rice is grown in the Njombe region, it is mainly an important production region for maize, Irish potato, tea, and flowers and therefore it is rather unlikely to dispense the income within these agriculturally suitable value chains for less suitable large scale rice production in this region. The southern part, which expanded from 2014 to the 2030 setups, was already confirmed by local experts in a participatory mapping exercise as a recent rice growing area in the framework of a stakeholder workshop in February 2019. The transformation of cropland to cropland-rice in the very northeastern parts is unlikely due to the existing and growing sugarcane fields of the Kilombero Sugar Company.
Land Use/Cover and Climate Change Impact Assessment on Water Resources
The impact of LULCC on average stream discharge seems to be negligible at the first glance ( Figure 5 ). This is also in line with a former study on historical LULCC on cropland [2] , and was also observed in another catchment in Tanzania [80] as well as in small catchments in West Africa with conversion of savanna into rice [81] . One important factor for the low impact at the main outlet is also the stable share and distribution of forest classes in the upland of the catchment (Figures 2, 4 and 5 and reference [2] ). Yet, LULCC are still seen as the main driver for decreasing streamflow in Eastern and Southern Africa [82] . These minor changes in streamflow at the main outlet due to LULCC detected in this study can be attributed to concealing effects for large catchments [83] like the Kilombero Catchment. Therefore, it is important to analyze the water balance on several spatio-temporal scales like the subcatchment scale or monthly averages and also analyze changes in low-or high-flow patterns.
The Q90 as representative index for the low flows decreases for both scenarios-the cropland and the cropland-rice scenarios-by 6% or 8%, respectively, from 1970s to 2030. An environmental flow assessment found several parts of the catchment to be differently vulnerable to decreases in mean annual flows [36] . The upstream margin of the floodplain with a monthly recommended flow of 82.3% of the mean annual flow was defined as highly vulnerable concerning environmental flows [36] . Therefore, these decreasing trends of 6% and 8% of the Q90 at the outlet should be considered carefully for further analyses. Stakeholder interviews and discussions with local farmers revealed, that perennial tributaries of the Kilombero in the northeastern part of the catchment turned into seasonal tributaries in the last decades. This change is attributed to deforestation activities and expansion of cropland, and therefore needs to be taken seriously to maintain the socio-ecological system that depends on continuous availability of water resources and the transported sediments and attached nutrients [28, 35] .
High flows are more distinct in the rice scenarios ( Figure 6 ), although they decrease with an increasing share of rice (Figure 7b) , especially in the months of April and May (Figure 9g,h) . The general differences among the cropland and cropland-rice scenarios arise from their different shares of all LULC classes ( Figure 5 ). The rice setups have a lower share of forest classes for example and therefore a comparison that aims to determine the impact of a growing agricultural share should be done separately within the cropland-rice or cropland setups. Though, the decreasing high flows within the rice scenarios ( Figure 6 ) can be attributed to the high water requirements of the rice plants [29] .
The cropland scenario for 2030 ( Figure 7b ) displays a strong increase in the discharge amount of Q10, which is distributed to the months of March to May (Figure 9d ). This might lead to aggravated flooding events, which could either endanger the farmer's harvest [73, 74] their lives, critical infrastructure and their livelihood [84] . Especially newly promoted, high yielding, but low growing improved varieties such as like SARO5 (TXD 306) might be negatively affected by these changes. These strong increases of water yield are accompanied by slightly decreasing evapotranspiration throughout the year (Figure 9d ). These patterns with regard to LULCC and Q10 are aggravated by the effects of climate change. The combined effect of climate change and LULCC inherits an increase of 84% between the two scenarios comparing the lowest (LULC 1994, RCP4.5, dry model) and the highest (LULC 2030, RCP8.5, wet model) value for Q10 shown in Figure 11b . The effect of climate change outperforms the impact of LULCC, yet the contribution of LULCC to changes in Q10 is still substantial (Figure 7b ). It is necessary to add that changes in management practices are not included in these LULCC, but several practices, like the establishment of year-round irrigation schedules, will further affect water resources [85, 86] . Furthermore, the uncertainty of the climate change signal, represented by the huge span in the GCM-RCM model runs [33] (Figure 11) , is much higher than in LULCC scenarios. While climate change models show diverging trends of more dry or more wet conditions and changes in the seasonality, the impact of conversion from natural LULC into agricultural utilized fields is more explicit [3, 4, 81] , although it still depends on the specific crops grown. Nevertheless, intensification of precipitation might foster groundwater recharge and therefore access to renewable water resources in the Kilombero Catchment as well as already described in other catchments in SSA [87] . This indicates a particular resilience to climate change and intensification of precipitation events. However, more observation-driven research is needed on the relation of surface water and groundwater resources on this topic [87] . Moreover, data availability on the hydrogeology of the Kilombero Catchment is still poor to be modeled precisely, although some data and a local conceptual model exists [88, 89] . Furthermore, the groundwater routines of the SWAT model are not sufficient for adequately modeling groundwater processes, because distributed parameters like the hydraulic conductivity and storage coefficients are disregarded in the linear reservoir approximations [90] .
Overall, analyses on subcatchment scale (Figures 10 and 12) show that the conversion into cropland leads to increasing surface runoff and overall water yield (Figure 10a,b) , whereas a more diverse picture is shown for the rice setups (Figure 10d,e) , due to the differences in LULC in the setups ( Figure 5 ) and the aforementioned water demand of rice plants [29] . Average annual evapotranspiration is decreasing in both agricultural setups in most of the subcatchments, especially where natural systems are converted into agricultural production zones, which is in line with other studies from the tropics [3, 6, 7] . Still, there are studies that report increasing evapotranspiration due to conversion of forests to cropland [91] . However, farming in the Kilombero Catchment is mainly done by low input rain-fed rice cultivation and only a few rice irrigation schemes do exist [92] . Therefore, the rice setups were established using the default management plan from SWAT. A high input management setup would change the plant growth and consequently the evaporation of the plants [81] .
The scale dependency of hydrological processes and the spatio-temporal heterogeneity of water movement within the catchment are apparent by comparing the different characteristics of selected water balance components in the subcatchments (Figures 10 and 12) and their monthly deviations for the entire catchment ( Figure 9 and reference [2] ). The deviations that include the effects of climate change ( Figure 12 ) are substantial, even though they compare the extreme situations concerning LULCC and climate change scenarios.
The manifold scenarios, inherited uncertainties and their implications on water resource management reveal the difficulties for local authorities and the need for further research in the area. The population in the catchment districts Kilombero and Ulanga has been and is currently increasing [47] and road infrastructure as well as the Stiegler's Gorge power station are being constructed. This will lead to further LULCC, and locally rapid deforestation has already been reported [28, 93] , consequently affecting the water balance [94] . Forest protection against unregulated degradation is still problematic in Tanzania. There is a need to understand the social-ecological system to strengthen strategies, that ensure socio-economic benefits of local people, while preventing ecosystem degradation to allow a sustainable utilization and protection of the resource base [5] . The local scale and the understanding of the local communities that depend on the wetland resources and their adjacent mountain forests and savannas could be the key for the development of management policies in the Kilombero Catchment [95] . These could be for example the promotion of environmentally friendly sources of livelihood such as beekeeping, a sustainable forestry system accompanied by education on the socio-ecological system and improvements in the agricultural practices [23] . Still, migration into the valley and population growth are critical factors for the pressure on the ecological system [23, 95, 96] . Further information on the flooding extent, timing and duration using a hydraulic model with regard to the LULCC and climate change scenarios should support to manage the floodplain under future conditions. Beyond that, there is still not sufficient data on water quality, especially with regard to the emerging use of fertilizers, herbicides, and pesticides [35, 95] .
Conclusions
The study shows different methods to develop LULC maps and how to utilize these methods for further LULC scenario development. Differences among these scenarios and their effects on water resources are shown. However, implications of LULCC and climate change impacts on various spatio-temporal scales are key aspects of this study. Results clearly show that it is not sufficient to analyze discharge only at the outlet in LULCC impact studies [97] . It was shown that further analyses on different spatial scales and changes in low flows and high flow behavior are essential to identify hot spots of change, obtain environmental flows and for flood protection. The scenario analysis shows a trend of decreasing low flows, especially until 2030 by 6% to 8%. These numbers should be taken seriously, as they represent only the catchment´s average, while several areas, e.g., the northwestern parts, show more pronounced declines in overall water yield and evapotranspiration. Since some rivers in the northwest that have already been subject to a shift from perennial to seasonal rivers management activities are crucial to maintaining and protecting the system. This study helps to identify areas that are essential for the maintenance of the social-ecological system with regard to water resources. However, these activities have to take part in collaboration with the involvement of local communities and might need the establishment of local management authorities to enable a sustainable management of the catchment [34] . Potential management activities could contain the protection of natural swamps within the valley or upland forests in combination with payment for ecosystem services to incentivize these protection zones for local communities. Other options include the exploration of more environmental friendly activities such as beekeeping or more sustainable forestry systems [23] . Additionally, information with regard to the endangered ecosystems and their importance for the farmer's fields should be communicated e.g., through extension officers to create mutual acceptance for these protection zones.
Conversely, high flows are more pronounced for the overall catchment with an increase of Q10 by up to 21% in 2030 compared to the 1970s due to LULCC only. These increases are associated with the months of March to May (the rainy season) and are remarkable for the town of Ifakara-a highly populated area with many small scale farmers, that frequently uses high yielding, but low growing rice varieties. Hence, the livelihood of the population in that area is at risk due to these LULCC, which are particularly fostered by climate change. Therefore, the retention capacities of natural systems like forests or swamps are indispensable for the maintenance of the social-ecological system.
Further analysis with specific crop and rice management parameterizations are recommended for more accurate projections. These projections should be utilized to run a hydraulic model for the flood areas in order to assist sustainable management with regard to water resources. The results of this study indicate a strong impact of changing climate on the water cycle, whereas the conversion of predominantly savanna and grassland to agricultural areas is less dramatic, yet remains important at the subcatchment scale.
